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Abstract 6 

Fire is a chaotic and extreme phenomenon. While the past few years have witnessed the success 7 

of integrating machine intelligence (MI) to tackle equally complex problems in parallel fields, we 8 

continue to shy away from leveraging MI to study fire behavior or to evaluate fire performance of 9 

materials and structures. In order to advocate for the use of MI, this review showcases the merit of 10 

adopting mechanistically-informed MI to answer some of the burning questions, multi-11 

dimensional and ill-defined problems fire engineers and scientists are facing. This review also 12 

sympathizes with the fact that a traditional curriculum does not often cover principles of MI and 13 

hence it starts by introducing a number of machine learning (ML) and artificial intelligence (AI) 14 

techniques such as deep learning, metaheuristics, decision trees, random forest, support vector 15 

machines etc. Then, this review details recommended procedures associated with preparing 16 

databases and carrying out a proper MI-tailored fire analysis via examples; to enable researchers 17 

and practitioners from implementing MI with ease. Towards the end of this review, a number of 18 

concerns and challenges are identified to stimulate the curiosity of interested readers and accelerate 19 

future research works within fire engineering and sciences (FES). 20 

 21 
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 23 

Introduction 24 

Unlike other traditional actions (i.e. wind, earthquake etc.) which are primarily bound to seasonal 25 

cycles or geographical regions, fire can virtually break out anywhere, and anytime. Fire is also 26 

unique as it tends to exploit its surroundings; thus, having the potential to dynamically grow in 27 

intensity and size whether in space or in time. Despite this unique behavior of fire, and the fact 28 

that it has been repeatedly noted as a critical issue over the past decades, research in the area of 29 

fire engineering and sciences (FES) continues to primarily favor classical experimental, analytical 30 

and numerical methods [1]. To further complicate this matter, FES still heavily relies on 31 

perspective approaches and dated procedures with little room for innovation or flexibility. The 32 

above not only constraints ongoing research and development efforts, but also hinders calls for 33 

harmonizing and modernizing the states of education and practice within FES [2].  34 

 35 

Due to the severe nature of fire, testing under elevated temperatures requires specialized and 36 

sophisticated equipment that most researchers and engineers do not have access to [3]. Similarly, 37 

developing numerical models not only requires knowledge on high-order level mathematics, but 38 

also necessitates the availability of advanced software, license, and computational resources (e.g. 39 

workstations, cloud computing etc.). It goes without saying that developing a realistic numerical 40 

model to examine fire response of a given element, or structure, also requires the availability of 41 

“true” input parameters (in terms of material properties, realistic boundary conditions etc.). Many 42 

of such inputs are hard to come by as they require access to testing facilities, and hence may never 43 
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be truly obtained. As a result, fire engineers often end up using a holistic approach to “assume” 44 

such values; whether by adopting generic recommendations of fire codes/standards or following a 45 

customary/rational/trail-an-error approaches aimed at minimizing discrepancy against validated 46 

fire tests.  47 

 48 

While the contributions of such efforts to our knowledge base is to be thanked and acknowledged, 49 

an objective view to this practice might cast doubts on the “true” adequacy of developed 50 

numerical/analytical models [4, 5]. This brings us to the following trivial questions; (1) how can 51 

one justify using inputs, i.e. material models adopted by a “national fire code”, as representative 52 

of materials to be used in a new construction knowing that such models were established 20-40 53 

years ago? (2) what mesh element size/type, convergence criteria and other simulation techniques 54 

one should use knowing that we continue to lack standardization on this front? And given the 55 

above, (3) how can current performance-based design approaches be applied with confidence? 56 

Those questions, along with many others, show the dire need to develop modern fire assessment 57 

tools. In order to truly break out of this vicious circle, one is encouraged to explore a new 58 

perspective.  59 

 60 

With the arrival of new technologies, there seems to be a persistent inertia towards integrating 61 

automation into various disciplines of engineering and sciences [6–8]. Unfortunately, automation 62 

is yet to be fully embraced by our community. This is understandable given that: (1) researchers 63 

and engineers are often hesitant of adopting new technologies, (2) automation is not regularly 64 

taught in a traditional fire/civil/mechanical/material engineering curriculum, and (3) historically, 65 

FES is a community that seems to evolve slowly (e.g. standard fire testing did not virtually change 66 

since its establishment over 100 years ago). However, a closer look at analogous fields 67 

(industrial/electrical/biomedical/computer engineering) shows a drastic shift in philosophy aimed 68 

to prioritize implementations of modern solutions and technologies [9]. In anticipation of the 69 

forthcoming fourth industrial revolution (4IR), this review showcases the potential of leveraging 70 

machine intelligence1 (MI) as a contemporary methodology to our arsenal.  71 

 72 

Unlike pure empirical/physics-based approaches2 which often suffer from oversimplifying 73 

assumptions and extreme specific nature, MI encompasses new sets of computational techniques 74 

that heavily rely on machines to mimic human-like realization i.e. generalization, discovery, 75 

association and abstraction. As such, MI is designed to imitate human-like cognition ability and 76 

deductive reasoning to resolve problems, which given the resource intensive nature of fire testing 77 

and limitations associated with fire simulation may not be appropriately solved in a 78 

timely/economical manner. In a way, MI is especially suited for problems in which there is a large 79 

 
1 In this review, machine intelligence refers to techniques belonging to “machine learning” (ML) and “artificial 

intelligence” (AI). 
2 Mechanistic models are commonly divided into deterministic and stochastic models. In the first type of models, 

results are fully determined by values of chosen inputs, as well as initial boundary conditions. As such, the output of 

a deterministic model for a given set of inputs yield same results every time the model is applied. In contrast, stochastic 

models accommodate inherent parametric randomness that is reflected by distributions rather than nominal values. 

Thus, the same inputs and boundary conditions may result in a range of outputs [131]. 
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amount of variables (parameters), and there is an unclear relationship between variables and 80 

expected output(s) – a common feature in many fire-based phenomena. To establish such relations, 81 

MI utilizes revolutionary algorithms designed to learn patterns concealed in observations via a 82 

series of adaptive learning and probabilistic discovery of systematic valuation. Once a pattern is 83 

discovered, this pattern is further exploited to identify its governing parameters [10].  84 

Integrating MI also opens up a new opportunity to recycle and maximize findings of past fire tests. 85 

For example, knowing that fire experiments are expensive implies that it is virtually impossible to 86 

design a comprehensive testing program that explores the effect of all possible parameters 87 

governing a phenomenon. The same can also be used to justify the scarcity of experimental works 88 

within FES. Combining the above with the fact that researchers often design experiments to 89 

validate specific hypotheses; thus, effectively discounting those outside of scope, shows that most 90 

findings from fire tests are only being analyzed via a one dimensional prospective, and hence are 91 

archived in publications without being fully examined. 92 

 93 

However, if measured data from past fire experiments (say those conducted over a number of 94 

decades to examine fire-induced spalling of concrete) are compiled, then these can be holistically 95 

analyzed via MI to identify: (1) governing parameters for the spalling phenomenon, and (2) foresee 96 

general patterns/conditions at which spalling could occur – given the variability in concrete 97 

composition, testing set-up etc. across such experiments, this pattern(s) could: (i) explore 98 

interdependency between parameters that were not examined before [11], (ii) captures a uniform 99 

understanding of the fire-induced spalling phenomenon which will help devise a more complete 100 

theory for spalling, and (iii) better the design of ongoing experiments which will naturally 101 

accelerate future research efforts. From this view, MI is envisioned to supplement fire research to 102 

accurately trace fire behavior, fire response of materials and structures, and in developing new 103 

theories and generating new knowledge.  104 

 105 

Research Significance  106 

While the potential of MI has proven valuable in various sciences, its use in FES remains minute. 107 

As such, there are five primary objectives to this review – all of which highlight the significance 108 

of this research. The first, is to showcase the potential of MI in the field of FES. The second, is to 109 

introduce a number of commonly used machine learning (ML) and artificial intelligence (AI) 110 

algorithms and document how such algorithms can be successfully applied to carry out a proper 111 

MI-based fire analysis. The third, is to invite efforts to establish research programs that leverage 112 

AI and ML principles and techniques to enable developing modern fire assessment tools, which 113 

due to their unique nature, may overcome many of the limitations of currently used physics-based 114 

and/or mechanistic approaches. The fourth, is to accompany a 2020 special issue sponsored by 115 

Fire Technology and titled, “Smart Systems in Fire Engineering”. Finally, this review concludes 116 

with a discussion covering a number of challenges, research needs, and concerns associated with 117 

adopting MI across different problems within FES. 118 

 119 

An Overview to Machine Learning and Artificial Intelligence  120 

This section provides an overview to machine learning (ML) and artificial intelligence (AI). The 121 

aim of this overview is to familiarize the readership of this work with some of the current and 122 

https://doi.org/10.1007/s10694-020-01069-8
https://doi.org/10.1007/s10694-020-01069-8


This is a preprint draft. The published article can be found at: https://doi.org/10.1007/s10694-020-01069-8   

 

Please cite this paper as:  

Naser M.Z. (2021). “Mechanistically Informed Machine Learning and Artificial Intelligence in Fire Engineering and 

Sciences.” Fire Technology. https://doi.org/10.1007/s10694-020-01069-8.    

4 

 

commonly used algorithms, processes and associated terminology that have been applied to 123 

towards problems within FES. Interested readers are still encouraged to review some of the notable 124 

works referenced herein for a more in-depth review on the history of ML and AI development, 125 

together with other aspects such as mathematical and theoretical backgrounds etc. [12, 13].  126 

 127 

Learning is the process of seeking knowledge. Humans possess a natural ability to learn from daily 128 

experiences because they can communicate, reason and understand. While machines do not 129 

possess a similar ability, they can still “artificially” learn through algorithms and procedures; and 130 

hence the term artificial intelligence (AI). The earliest definition of AI describes the ability of a 131 

machine (or a system) to demonstrates behaviors associated with human intelligence, such as 132 

planning, reasoning, problem solving, perception, pattern recognition, creativity etc. [14]. On the 133 

other hand, ML is a mere subset of AI that uses statistical-like methods to automate learning, 134 

discovery and prediction processes without being explicitly programmed.  135 

 136 

At the highest level, a distinction between MI methods can be made with regard to the source of 137 

information used to induce artificial learning. For example, both AI and ML can be grouped under 138 

three classes: supervised, unsupervised and semi-supervised learning [15] as seen in Fig. 1. Each 139 

group comprises of a number of algorithms – where according to the Cambridge English 140 

dictionary, an algorithm is a “a set of mathematical instructions or rules that, especially if given 141 

to a computer, will help to calculate an answer to a problem”. One should note that many of the 142 

presented algorithms are not exclusive to a particular learning type, as they could also be fine-143 

tuned to other types as well.  144 
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 145 
*Decision trees (DT) and gradient boosted trees (GBT) 146 

Fig. 1 Grouping MI algorithms by learning type 147 

 148 

Supervised learning is applied in scenarios where both input features (x1, x2, ..) and an output 149 

variable (Y) exist but a mapping function, f(x), that represents the relation between such inputs and 150 

output is not clear, nor is easily obtained (see Eq. 1). Due to the availability of inputs and output, 151 

an algorithm can learn patterns of how such inputs relate to their output by deriving a mapping 152 

function that yields close predictions to true observations. Hence, the main objective of carrying 153 

out a supervised learning is to develop an accurate mapping function3 capable of predicting the 154 

output of new input data points. Supervised learning can further be divided into two main domains; 155 

regression (when the output variable is a real value i.e. fire resistance rating) and classification 156 

(when the output variable is a categorial variable i.e. damage/no damage). 157 

 
3 In the majority of cases, a MI algorithm will devise an implicit function. Only a few algorithms can devise an explicit 

function. One should note that in all cases, such a mapping function may not be even formulated using traditional 

methods. 
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 158 

Y = f(x)= f(x1, x2, ..)                                         (1) 159 

 160 

Alternatively, unsupervised learning can be applied in situations where only the inputs (x1, x2, ..) 161 

are available without any corresponding output. In this case, an algorithm is left on its own to 162 

discover the underlying structure/distribution within inputs as to understand the nature of the 163 

problem at hand. Unsupervised learning can be grouped into clustering (grouping by behavior i.e. 164 

concrete of dense microstructure is susceptible to spalling) and association (discover rules that 165 

describe large portions of the assembled data i.e. columns made of high strength concrete have 166 

high strength at ambient conditions and could spall if exposed to fire).  167 

 168 

Finally, semi-supervised learning is suited where large number of inputs and only some of the 169 

output variables is tagged (i.e. labels of images/videos). Semi-supervised learning includes other 170 

types of learning such as active, transfer and reinforcement learning. In these types of learning, a 171 

MI system is programmed to teach itself by adhering to prespecified reward mechanisms and/or 172 

exploration policies. It should be noted that semi-supervised learning can also be combined with 173 

unsupervised learning methods to improved supervised learning. The following describes a series 174 

of algorithms that belong to the aforementioned learning processes.  175 

 176 

Artificial neural networks 177 

An Artificial neural network (ANN) mimics the neural topology of the brain (see Fig. 2). This 178 

topology comprises of a minimum of three layers; separately encompassing a set of processing 179 

units (aka neurons). The first layer is called the input layer as it receives input variables/features 180 

sought to govern a particular phenomenon. The first layer is also connected to the second set of 181 

layer(s) (referred to as hidden layers4). These layers are often connected via nonlinear activation 182 

functions e.g. Step, Logistic, ReLu, TanH etc. as can be seen below. Such functions allow an ANN 183 

to generate an approximation form that permits gradient-based optimization etc. In a way, an ANN 184 

aims to achieve a general, and primarily implicit, representation that best exemplifies a 185 

phenomenon.  186 

 187 

netj = ∑ Iniwij
𝑛
𝑖=1 + bj                                       (2) 188 

Y = f(netj)                                               (3) 189 

 190 

where, Ini and bj are the ith input signal and the bias value of jth neuron, respectively, wij is 191 

the connecting weight between ith input signal and jth neuron and f is an activation function such 192 

as hyperbolic tangent sigmoid. 193 

 194 

 
4 An ANN algorithm with 2+ hidden layers is formally referred to as “deep learning”.  
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 195 
Fig. 2 Layout of a typical ANN 196 

 197 

Currently, the open literature contains a multitude of ANN variations. Some of the commonly used 198 

ANNs include; multilayer perceptron (MLP), convolutional neural network (CNN), recursive 199 

neural network (RNN), recurrent neural network (ReNN) to name a few. While these derivatives 200 

share some features in common, they also differ due to the rules used in their development and 201 

intended use. This allows ANNs to be used independently or to supplement other algorithms. In 202 

recent years, advancement in ANN have allowed the rise of computer vision (CV) which heavily 203 

relies on modern ANN derivates (CNN, RNN etc.) to allow machines from recognizing features 204 

and content of images and videos (i.e. estimate magnitude of fire-induced damage) [16].  205 

 206 

Due to their simplicity and ease of application, ANNs are perhaps one of the most widely used 207 

algorithms in FES as they can be applied in binary and multi-outcome regression and classification 208 

problems [17]. For example, Lattimer et al. [18] and Hodges et al. [19, 20] extensively outlined 209 

the use of different forms of ANNs into compartment and wildfire behavior predictions as well as 210 

CFD thermal simulations. Others also used ANNs, for example: Lo et al. [21] (evacuation), Mao 211 

et al. [22] (flame identification), Rose-Pehrsson et al. [23] (early fire warning systems), Chunyu et 212 

al. [24] (smoke detection), Lazarevska et al. [25] (fire resistance of eccentrically loaded columns), 213 

Naser [26] (temperature-dependent material property prediction) etc.   214 

 215 

Adaptive neuro-fuzzy interface system  216 

Adaptive neuro-fuzzy interface system (ANFIS) is a multilayer adaptive network-based fuzzy 217 

inference system known for its capability to implement hybrid learning procedure for regression 218 

and classification problems. The structure of this inference system consists of a number of nodes 219 

which are connected through directional links. Each node is identified by a function with a fixed 220 

or adjustable parameter. In general, the fuzzy method applies numeric, or verbal, or logical labels 221 

in terms of “if-then” rules (or fuzzy conditional statements) to capture imprecise cognizance 222 

between the fuzzy variables [27]. This process involves mapping of a certain set to a fuzzy set 223 

interval through membership functions to numerically define the partial belonging of a statement 224 

(by assigning values on a scale between 0 and 1). Thus, in the case of uncertainty, the variable is 225 

known to be fuzzy.  226 

 227 
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ANFIS can be applied via different models, one of which is the first order Tagaki-Sugeno model 228 

(see Fig. 3). This model comprises of two inputs x and y. The first-order Tagaki-Sugeno fuzzy 229 

model is set with two “if-then” rules, as can be shown by the following formulations:  230 

 231 

𝑅𝑢𝑙𝑒 1: 𝐼𝑓 𝑥 𝑖𝑠 𝐴1 𝑎𝑛𝑑 𝑦 𝑖𝑠 𝐵1, 𝑡ℎ𝑒𝑛 𝑓1 = 𝑎1 𝑥 +  𝑏1 𝑦 + 𝑟1                (4) 232 

 233 

𝑅𝑢𝑙𝑒 2: 𝐼𝑓 𝑥 𝑖𝑠 𝐴2 𝑎𝑛𝑑 𝑦 𝑖𝑠 𝐵2, 𝑡ℎ𝑒𝑛 𝑓2 = 𝑎2 𝑥 +  𝑏2 𝑦 + 𝑟2                (5)    234 

      235 

where, 𝑥, 𝑦 = input arguments, 𝐴, 𝐵 = the linguistic labels, 𝑎, 𝑏, 𝑟 = output function 236 

parameters.  237 

 238 

The resulting output is the so-called crisp value which is the weighted average of each output rule.  239 

 240 

 
(a) First order Tagaki-Sugeno fuzzy model with two rules and two inputs 241 

 
(b) Equivalent ANFIS architecture  242 

Fig. 3 Layout of a typical ANFIS model [11] 243 

 244 

A typical fuzzy inference contains five layers as outlined herein [28]: 245 

Layer 1: every node i in this layer is an adaptive node characterized by bell function, e.g.: 246 

µ𝑖(𝑥) =
1

1+|
𝑥− 𝛿1

𝛼1
|2𝛽1

                                          (6) 247 

 248 
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where, µ𝑖(𝑥) = ith resultant of 1st layer, x = node input, 𝛼1, 𝛽1, 𝛿1 = parameter set. 249 

Parameters of the first layer are usually denoted as the premise set. The resultants of the 250 

first layer are the membership values of the premise part.   251 

 252 

Layer 2: comprises of nodes that multiply incoming signals and send the product of this 253 

multiplication to the third layer. The output of each node indicates the firing strength of a given 254 

rule. 255 

 256 

𝑊𝑖 = µ𝑘𝑖(𝑥)µ𝑙𝑖(𝑦), 𝑖 =  1, 2, …                                  (7) 257 

 258 

 where, 𝑊𝑖 =2nd layer ith output, µ𝑘𝑖(𝑥), µ𝑙𝑖(𝑦) = signals coming from the 1st layer.  259 

  260 

Layer 3: encompasses of nodes that compute the ratio of the ith rule’s firing strength to the summed 261 

value of all rules’ firing strengths. The resultant of this layer is known as the normalized firing 262 

strength: 263 

 264 

 �̅�i =
𝑊i

𝑊1+𝑊2+𝑊3+𝑊4
, i =  1, 2, …                                   (8) 265 

 266 

Layer 4: contains functional adaptive nodes with such that: 267 

 268 

�̅�𝑖𝑓𝑖 = �̅�𝑖(𝑎𝑖𝑥 + 𝑏𝑖𝑦 + 𝑟𝑖), i =  1, 2, …                             (9) 269 

 270 

where, �̅�𝑖 = 3rd layer ith output, 𝑎𝑖, 𝑏𝑖, 𝑐𝑖 = parameter set.  271 

 272 

Layer 5: contains a single node that computes the final output as described in Eq. (10) the 273 

summation of all incoming signals.   274 

 275 

𝑓 = ∑ 𝑊𝑖𝑓𝑖
𝑛
𝑖=1                                               (10) 276 

 277 

ANFIS has been duly applied in problems that require ranking and/or assessment. In one study, 278 

Lo [29] proposed a fuzzy fire safety assessment approach that ranks fire risk for existing buildings. 279 

Liu and Lo [30] combined ANN and ANFIS to explore evacuees’ behavior under fire conditions. 280 

Shahaboddin et al. [31] used an evolved version of ANFIS to predict mercury content emitted from 281 

fossil-fueled power stations. Bilgehan and Kurtoğlu [32] developed an ANFIS-based model that 282 

can predict bending capacity of RC slabs exposed to elevated temperatures with 98% accuracy. 283 

Abdulla et al. [33] used ANFIS to explore the effects of material type, nanoparticle concentration 284 

and temperature rise on thermophysical properties of nanofluids. Bagheri et al. [34] developed an 285 

ANFIS model that can predict flammability of materials based on their molecular structure alone. 286 

In a recent effort, Wang et al. [35] applied ANFIS to process images of flames generated from gas-287 

fired combustion to categorize different combustion scenarios. 288 

 289 
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Naïve Bayes 290 

Naïve Bayes (NB) is an iterative algorithm that requires evaluating a series of conditional 291 

probabilities to verify pre-set rules that are put in place to predict discrete or continuous 292 

observations. The term Naïve reflects the emphases on the independency of the assumptions used 293 

in this algorithm and the term Bayes comes from the fact that this algorithm applies Bayesian 294 

statistics and Bayes’ theorem to find the probability of an observation to belong to a specific class. 295 

For example, in a classification setting where flammability of a material is to be examined, a set 296 

of a features, i.e. x1, …, xn (translating to size of specimen, heating rate etc.), can be grouped under 297 

a class observation, Y (e.g. specimen flames vs. specimen does not flame). Then, the NB algorithm 298 

starts the analysis to maximize the posterior probability of the class variable given the set of 299 

features through the following relations [36]: 300 

 301 

𝑎𝑟𝑔 𝑚𝑎𝑥𝑃𝑐∈𝐶(𝑌|𝑥1, … , 𝑥𝑛)                                    (11) 302 

The application of Bayes rule in classification is formulated as: 303 

 304 

𝑃𝑐∈𝐶(𝑌|𝑥1, … , 𝑥𝑛) =  
𝑃(𝑌)𝑃(𝑥1,…,𝑥𝑛|𝑌)

𝑃(𝑥1,…,𝑥𝑛|𝑌)
                              (12) 305 

 306 

and further simplifies to: 307 

    308 

𝑎𝑟𝑔 𝑚𝑎𝑥𝑃𝑐∈𝐶(𝑌) ∏ 𝑃(𝑥𝑖|𝑌)𝑛
𝑖=1                                  (13) 309 

  310 

The NB algorithm has been previously applied in classifying fire detection phenomena [37, 38]. 311 

In these works, this algorithm was used to analyze data collected by wireless sensor networks 312 

linked to an early residential fire detection system. Bahrepour et al. [37] noted how using an ANN-313 

NB combination has significantly reduced the amount of false fire alarms in a residential setting. 314 

Similarly, NB has been shown to supplement forest fire detection systems in predicting forest fire 315 

size [39]. NB has also been used in other applications, for instance, Nikolić et al. [40] applied NB 316 

to analyze risk factors associated with firefighters, rescuers, children, or civilians in a case study 317 

commissioned for the State Fire Service of Poland. A similar effort was also carried out by 318 

Mironczuk [41] who developed a NB algorithm to analyze fire service reports to maintain prompt 319 

extraction of information. 320 

  321 

Generalized linear model 322 

The generalized linear model (GLM) is an extension of traditional linear models and as such, GLM 323 

fitting is quick, and efficient; especially in observations having non-zero coefficients. GLM fits 324 

traditional linear models by maximizing the log-likelihood of collected observations. GLMs can 325 

be supplemented with a function that determines how the mean depends on the linear predictors 326 

and a variance function that defines the dependence of variance on the mean. In GLM, the outcome 327 

class (Y) of a phenomenon is assumed to be a linear combination of the coefficients (β) and features 328 

(x1, …, xn) as seen in Eq. 14. A number of variations of GLM exists, such as Poisson generalized 329 

linear model (PGLM), negative binomial generalized linear model (NBGLM) and generalized 330 

linear mixed model (GLMM) etc.  331 
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 332 

𝑌 = 𝛽0 + 𝛽1𝑥1,𝑖 + ⋯ + 𝛽𝑛𝑥𝑛,𝑖                                  (14) 333 

 334 

Variations of GLM have been used in a number of FES problems. For example, Davidson [42] 335 

proposed an approach to predict post-earthquake fire ignitions in California. Despite limited data, 336 

the developed GLM approach was useful in estimating the number and locations of post-337 

earthquake ignitions with adequate accuracy. Hasofer and Thomas [43] used a GLM model to 338 

study the interaction between factors relating to fatalities and injuries in building fires by analyzing 339 

historical data obtained from the US National fire Incident Reporting System. In this work, GLM 340 

analysis identified the following four factors: extent of fire damage, area of fire origin, material 341 

ignited, and ignition factor, to be of highest importance. In a parallel work, Finney et al. [44] 342 

documented the use of GLM in successfully predicting the probability of wildfire containment. 343 

Guo et al. [45] developed and deployed a series of GLMs to examine the relationship between the 344 

breakout of lightning-induced forest fires and meteorological factors in the Northern Daxing’an 345 

Mountains in China. These researchers noted how an improved NB (zero-inflated negative 346 

binomial (ZINB)) GLM model achieved the higher accuracy, as opposed to PGLM.  347 

 348 

Logistic regression 349 

The logistic regression (LR) algorithm maximizes the likelihood of observing a continuous or a 350 

categorical phenomenon. Furthermore, LB has the capability to estimate coefficients for identified 351 

features, which can then be used to assess the relative influence of each feature to the outcome of 352 

a LR analysis. Thus, LR is often used with success in classification problems wherein the outcome 353 

of a FES problem is simplified into two or more outputs (i.e. yes/no, fatal/nonfatal, collapse/major 354 

damage/minor damage etc.) [46]. Overall, this algorithm approximates the multi-linear regression 355 

function as shown below: 356 

 357 

 𝑙𝑜𝑔𝑖𝑡(𝑝) =  𝛽0 + 𝛽1𝑥1 + ⋯ + 𝛽𝑛𝑥𝑛                              (15) 358 

 359 

where, p is the probability of presence of a phenomenon. The logit transformation is 360 

defined as the logged odds: 361 

 362 

𝑜𝑑𝑑𝑠 =
𝑝

1−𝑝
                                             (16) 363 

 364 

and, 365 

 366 

𝑙𝑜𝑔𝑖𝑡(𝑝) = ln (
𝑝

1−𝑝
)                                        (17) 367 

 368 

Due to its nature, the LR algorithm has been favored in FES applications wherein a fire 369 

engineer/researcher is interested in identifying the possibility of event occurrence. For example, 370 

del Hoyo et al. [47] applied LR to represent which human activities are directly or indirectly related 371 

to the recent European wildfire occurrences. Pan et al. [48] also applied LR to establish fire risk 372 

zones in Shanxi Province in China. The same researchers noted that while fire zoning is difficult, 373 
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the LR analysis could help in organizing firefighting resources within Shanxi Province. On a larger 374 

scale, Yang et al. [49] applied LR to predict dwelling fire occurrences in the United Kingdom. In 375 

an earlier work, Boxer and Wald [50] user LR to analyze survey results of 145 firefighters in an 376 

attempt to correlate distress and alcohol use. While these researchers did not arrive at a clear 377 

correlation linking distress in firefighters to alcohol use, the same researchers noted how LR helped 378 

in rank the 10 most work stressors. LR was also successfully used in combustion science to: (1) 379 

correlate pyrolysis combustion flow calorimetry and develop a rapid screening procedure using 380 

LR to yield a binary output (burn/no burn) [51], and (2) monitor combustion of gas turbines to 381 

distinguish between instrumental failures and real gas turbine issues (given that traditional 382 

monitoring techniques fail to do so) [52].  383 

 384 

Decision trees 385 

The decision tree (DT) algorithm outlines specific decisions and their possible consequences in a 386 

tree-like model; where a tree comprises of nodes, branches and leaves (see Fig. 4) [53]. The nodes 387 

contain the attributes the objective function depends on which then go to the leaves through the 388 

branches. Due to its simple nature, DT was one of the earliest algorithms to be used in FES and 389 

have been already established in decision making problems as highlighted by National Fire 390 

Protection Association (NFPA) standards [54]. DT can be promising in classification problems as 391 

it provides a graphical representation of the thought process, thus becoming of high value to trace 392 

the impact of a decision in a given phenomenon. This algorithm can be fine-tuned to include 393 

impurity measures (e.g. Gini) to process observations –  for a node t, the Gini index g(t) is defined 394 

as [55]: 395 

 396 

𝑔(𝑡) = ∑ 𝑝(𝑗|𝑡)𝑝(𝑖|𝑡)
𝑗≠𝑖

                                     (18) 397 

  398 

where i and j are target field categories. 399 

 400 

𝑝(𝑗|𝑡) =
𝑝(𝑗,𝑡)

𝑝(𝑡)
;𝑝(𝑗𝑡) =

𝜋(𝑗)𝑁𝑗(𝑡)

𝑁𝑗
; and 𝑝(𝑡) = ∑ 𝑝(𝑗,𝑡)

𝑗
                  (19) 401 

 402 

 403 
Fig. 4 Illustration of decision tree algorithm  404 

 405 
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The use of DT algorithm in FES can be found in a number of works. For a start, Amatulli et al. 406 

[56] advocated the use of DT algorithm to assess fire risk over traditional regression and/or 407 

classification methods. Similarly, Ramachandran et al. [57] showed how DT can be applied to 408 

assess fire protection measures and fire losses, as well as to plan for insurance claims post-fire 409 

events. Chu and Sun [58] developed a decision analysis framework that covers fire safety design 410 

alternatives while accounting for the presence of authority’s instruction on evacuees’ decisions. 411 

They documented their work against a case study conduct in a stadium hosting a sporting event. 412 

Other works applied DT to fire suppression system deployment [59], and efficiency optimization 413 

in coal-fired boilers [60] etc.  414 

 415 

Random forest 416 

Random forest (RF) is an algorithm that integrates multiple DTs by ensemble learning methods to 417 

form a more powerful prediction model; hence, a forest of trees (see Fig. 5) [61]. Similar to other 418 

algorithms, RF can be used in regression and classification and is defined as a nonparametric 419 

classifier (i.e. does not require assumptions to be made on the form of relationship between the 420 

predictors and the response variable). In a RF-based analysis, all individual DTs reach a predictive 421 

outcome. Then, this outcome is processed depending on the type of problem (i.e. regression vs. 422 

classification). For a regression problem, the average result of all individuals is calculated to find 423 

the value of final outcome. On the other hand, in a classification problem, the majority voting 424 

method is used to arrive at the final output of RF analysis. A typical formulation of RF is presented 425 

herein: 426 

 427 

𝑌 =
1

𝐽
∑ 𝐶𝑗,𝑓𝑢𝑙𝑙

𝐽
𝑗=1 + ∑ (

1

𝐽
∑ 𝑐𝑜𝑛𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛𝑗(𝑥, 𝑘)𝐽

𝑗=1 )𝐾
𝑘=1                  (20) 428 

 429 

where, J is the number of trees in the forest, k represents a feature in the observation, K is 430 

the total number of features, cfull is the average of the entire dataset (initial node). 431 

https://doi.org/10.1007/s10694-020-01069-8
https://doi.org/10.1007/s10694-020-01069-8


This is a preprint draft. The published article can be found at: https://doi.org/10.1007/s10694-020-01069-8   

 

Please cite this paper as:  

Naser M.Z. (2021). “Mechanistically Informed Machine Learning and Artificial Intelligence in Fire Engineering and 

Sciences.” Fire Technology. https://doi.org/10.1007/s10694-020-01069-8.    

14 

 

 432 
Fig. 5 Illustration of random forest tree algorithm in a classification problem  433 

 434 

The RF algorithm was used by Lei et al. [62] to analyze coal spontaneous combustion and noted 435 

how RF outperformed multiple linear regression models. In the same work, Lei et al. [62] also 436 

commented that a RF algorithm (with 100 DTs) is capable to accurately predict the temperature of 437 

spontaneous combustion when applied to in-situ data. Oliveira et al. [63] used RF to model spatial 438 

patterns of fire breakouts in Europe. Oliveira et al. [63] was able not only to identify the non-linear 439 

relationships between physical and human variables but to also rank the most critical variables 440 

(e.g. off-season and fire-season precipitation) according to their relative contribution to wildfire 441 

breakout. Kim and Kang [64] used the RF algorithm to process images of flames with varying 442 

features including color, motion, and blinking information. These researchers showed that RF 443 

algorithm can be robustly deployed to complex fire environments with high prediction capability. 444 

 445 

Gradient boosted trees 446 

Like the RF, the gradient boosted trees (GBT) algorithm also forms an ensemble of DTs. The main 447 

differences between GBT and RF are: (1) GBT builds one tree at a time, while RF builds each tree 448 

independently, and (2) GBT combines results of the ensemble learning throughout the analysis 449 

process, while RF combines the outcome of the ensemble learning only at the end of the RF 450 

analysis. Similar to other algorithms, GBT also uses an arbitrary-differentiable loss function (see 451 

Eq. 21). GBT iteratively corrects developed ensembles by comparing iterative predictions against 452 

S
ce

n
ar

io
 

Tree 1

Decision 1

Consequence A

Consequence B

Decision 2

Consequence C

Consequence D

Tree 2

Decision 1

Consequence A

Consequence B

Decision 2

Consequence C

Consequence D

Tree 2

Decision 1

Consequence A

Consequence B

Decision 2

Consequence C

Consequence D

Prediction 1 

Prediction 2 

Prediction 3 

Final output (through majority voting (i.e. average 

of regression of all tress) 

https://doi.org/10.1007/s10694-020-01069-8
https://doi.org/10.1007/s10694-020-01069-8


This is a preprint draft. The published article can be found at: https://doi.org/10.1007/s10694-020-01069-8   

 

Please cite this paper as:  

Naser M.Z. (2021). “Mechanistically Informed Machine Learning and Artificial Intelligence in Fire Engineering and 

Sciences.” Fire Technology. https://doi.org/10.1007/s10694-020-01069-8.    

15 

 

true observations throughout the analysis – a feature not available in RF nor DT; thus, allowing 453 

the next iteration to help correct for previous mistakes. It is worth noting that modern variations 454 

of GBT exist such as Extreme Gradient Boosting (XGB), Adaptive Boosting (AdaB) etc. 455 

 456 

𝑌 = ∑ 𝑓𝑘(𝑥𝑖)𝑀
𝑘=1 , 𝑓𝑘 ∈ 𝐹 = {𝑓𝑥 = 𝑤𝑞(𝑥), 𝑞: 𝑅𝑝 → 𝑇, 𝑤 ∈ 𝑅𝑇}              (21) 457 

 458 

where, M is additive functions, T is the number of leaves in the tree, w is a leaf weights 459 

vector, wi is a score on i-th leaf, and q(x) represents the structure of each tree that maps an 460 

observation to the corresponding leaf index [65]. 461 

 462 

The GBT algorithm has been primarily used in modeling wildfires and their effects on surrounding 463 

environment. In one study, Sachdeva et al. [66] developed a GBT-based approach to prepare 464 

wildfire susceptibility maps to aid forest preservation and disaster management activities. 465 

Similarly, Stojanova et al. [67] noted that GBT can outperform both LR and DT in predicting 466 

forest fires in Slovenia. In one unique study, Scheurer et al. [68] developed a GBT-powered 467 

monitoring system that traces firefighters' status during firefighting operations, based on data 468 

collected on 17 activities monitored through wireless measurement units. These researchers noted 469 

that GBT achieved a small absolute error of less than 7%; thus, showcasing the accuracy of this 470 

algorithm.   471 

 472 

Support vector machine 473 

Support vector machine (SVM) is an algorithm best suited for regression and classification 474 

phenomena with multi-dimensional inputs. Overall, SVM can, linearly and/or nonlinearly,  475 

identify key features with clues to solve a complex binary phenomenon by separating hyperplanes 476 

of a distance d. Among the different SVM techniques, the multi-class classifier k-nearest neighbors 477 

(k-NN) has been extensively applied. The k-NN algorithm assumes that similar “things” exist in 478 

close proximity, and hence it is formulated by assuming the pair (xi, φ(xi),) which denotes the 479 

feature vector xi and its corresponding label φ(xi); where i=1, 2,…, n and φ{1, 2, …, m} where n 480 

and m are the number of training feature vectors and the number of classes, respectively. The 481 

classification is then performed by determining the k-nearest vote vector V. Incidentally, a test 482 

feature xi is then grouped under the class that has the most votes in V. Considering xi as an arbitrary 483 

feature vector, the distance between this arbitrary feature and feature vector xj can be obtained by: 484 

 485 

𝑑(𝑖, 𝑗) = 𝑓(𝑥𝑖, 𝑥𝑗)                                                                         (22) 486 

 487 

where  is a distance function that can be defined as 488 

 489 

𝑓(𝑥𝑖, 𝑥𝑗) = (𝑥𝑖 − 𝑥𝑗)𝑇 ∑(𝑥𝑖 − 𝑥𝑗)                                                                (23) 490 

 491 

Equation (23), for the case of  = I, denotes the Euclidean distance. The distance vector D(i) is 492 

defined by Equation (24): 493 

),( ji xxf
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 494 

𝐷(𝑖) = {𝑑(𝑖, 𝑗)|𝑖 = 1,2, . . . , 𝑛𝑡𝑒𝑠𝑡, 𝑗 = 1,2, . . . , 𝑛𝑡𝑟𝑎𝑖𝑛}                                           (24) 495 

 496 

The D(i) vector is arranged in an increasing order (Dn(i),) and the k-nearest vote vector is defined 497 

by using the first K elements: 498 

 499 

𝑉 = {𝜙(𝐷𝑛(𝑖)(1), . . . , 𝜙(𝐷𝑛(𝑖)(𝐾))}.                                                                (25) 500 

 501 

An interesting feature of SVM is that errors smaller than a set threshold (hinge loss, L) ε do not 502 

contribute to the overall error measure such that: 503 

 504 

𝐿(𝑌𝑖 − 𝑌�̂�) = {
0 if|𝑌𝑖 − 𝑌�̂�| < ϵ

|𝑌𝑖 − 𝑌�̂�| − ϵ if|𝑌𝑖 − 𝑌�̂�| > ϵ
                         (26) 505 

 506 

In a way, this algorithm seeks to fit a model of the form, 507 

 508 

�̂�(𝑥) = ∑ 𝑐𝑖𝑘(𝑥, 𝑥𝑖)𝑁
𝑖=1                                         (27) 509 

 510 

where, the parameters ci are referred to as choice coefficients, and k(x, xi) is defined as 511 

the Gaussian kernel function [69].   512 

 513 

Ko et al. [70] used SVM in a newly developed vision sensor-based fire detection method to classify 514 

fire-colored pixels in images to enable early-warning in a fire-monitoring system. Chen et al. [71] 515 

also used SVM to evaluate temperature rise in fire-exposed concrete beams and noted how the 516 

SVM algorithm was able to identify temperature rise in fire-damaged concrete beams by analyzing 517 

ultrasonic pulse velocity data. Wei et al. [72] reported the good prediction capability using SVM 518 

in developing fire risk assessment methods in buildings; despite the limited amount of data 519 

available to these researchers. In the majority of reviewed works, SVM is often used as a 520 

supplemental algorithm to support a main algorithm (such as ANN etc.). For example, Pundir and 521 

Raman [73] developed a vision based detection system that combines SVM with deep learning to 522 

classify smoke and fire breakouts with 97.5% accuracy. Other efforts also utilized SVM to 523 

examine bottleneck scenarios in evacuation [74], as well as classify features of fuel burning [75]. 524 

 525 

Recursive feature elimination 526 

In many FES problems, a number of dependent/interdependent factors (or features) are thought of 527 

to govern a given phenomenon. This understanding could have been established via experimental 528 

observations or numerical findings and/or expert option etc. In such scenarios, it would be helpful 529 

to: (1) identify the most critical factors in a phenomenon, (2) recognize the relation(s) that link 530 

such factors, and (3) rank the importance of these factors in predicting the phenomenon. From this 531 

view, the Recursive Feature Elimination (RFE) algorithm can be helpful. RFE uses criteria derived 532 

from coefficients in other algorithms (i.e. RF, SVM) to assess existing features, and recursively 533 
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removing features that have small criteria [76]. RFE has both linear and nonlinear versions and 534 

has the capability to rank appended features according to how influential these features are on the 535 

model’s accuracy. This accuracy is measured by calculating the error between the predictions and 536 

observations via an error metric (such as Root Mean Square Error (RMSE)).  537 

 538 

Figure 6 shows a generalization of the RFE algorithm, where F1 is the first appended feature with 539 

the corresponding RMSEF1, F2 is the second appended feature with the corresponding RMSE 540 

(RMSEF2), and so on. During the analysis, F1 is randomly selected and employed within the RFE 541 

algorithm in which RMSEF1 is calculated. Afterwards, F2 is added into the previous model such 542 

that a new RMSE (RMSEF2) is calculated. This process continues up until the last feature (F5) is 543 

added in which the RMSE (RMSEF5) is the larger than RMSEF4. At this point, only the features 544 

that caused a decrease in RMSE, before the analysis is terminated, are selected as the critical 545 

parameters that strongly impact the model. This review has identified one study that utilized RFE 546 

in a FES application (e.g. predicting wildfires in Yunnan Province of China) [77]. 547 

 548 
Figure 6 RFE plot for selecting and appending arbitrary features  549 

 550 

Heuristics and Metaheuristics 551 

Heuristics (HS) and metaheuristics (MHS) are a set of algorithms that are primarily designed to 552 

find suitable solutions for optimization problems. The main difference between heuristics and 553 

metaheuristics is that the heuristics are problem-dependent wherein they adapt to the nature of the 554 

problem at hand and try to take full advantage of its particularities. It is due to their nature that 555 

heuristics could be trapped in a local optimum and may fail to realize the global optimum solution. 556 

Conversely, metaheuristics are problem-independent as they can be used in any optimization 557 

problem. Unlike their greedy heuristic counterparts, metaheuristics may accept a temporary 558 

decline in the quality of a solution to allow a more thoroughly exploration within the solution space 559 

as to realize an improved solution that is likely to coincide with the global optimum. While a 560 

detailed description of each class, and associated algorithms, requires a series of independent 561 

reviews, this section will option to highlight the logic behind developing metaheuristics as they 562 

can be more suited for FES problems.   563 
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 564 

At the time of this review, a number of MHS exist, and these can be broadly grouped under four5 565 

classes as shown in Figs. 1 and 7. In general, metaheuristics range from simple local search 566 

procedures to complex learning processes and hence they can be split into two primary groups: 567 

trajectory-based and population-based methods. Both groups employ strategies to guide the 568 

optimization process to ensure that the search space is proficiently explored. On one hand, a 569 

trajectory-based method (e.g., simulated annealing) starts with an initial solution that is then 570 

substituted by an alternative (often the best) solution found at each iteration. Alternatively, 571 

population-based algorithms use a population of randomly generated solutions that are enhanced 572 

at each iteration through a series of operations (some of which are inspired by nature such as bird 573 

flocking, genetic mutation, animal coordination in search for food etc.). This enhancement can be 574 

achieved in different forms i.e. replacing a population of solutions by newly generated cohort 575 

whose characteristics are better suited to solve the problem. It is interesting to note that some 576 

algorithms, i.e. genetic algorithms, even use advanced techniques that take advantage of any past 577 

search experiences gathered from previous searches, to guide the search on hand [78].  578 

 579 

 580 
Fig. 7 Algorithms falling under metaheuristics  581 

 582 

In a recent work, Bui [79] applied three MHS, namely biogeography-based optimization, 583 

gravitational search algorithm and grey wolf optimization for forest fire mapping in in Dak Nong, 584 

Vietnam. Singhal and Sahu [80] deployed ant colony optimization algorithm for route planning 585 

during fire evacuation. A notable condition of their work was that their MHS was required to 586 

minimize the entire rescue time of all evacuees and not just one evacuee. The use of MHS in 587 

structural fire engineering and safety applications has been applied by a few researchers such as 588 

 
5 One should note that the number of classes and classifications of heuristics and metaheuristics significantly varies 

across different works/disciplines.  
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Naziris et al. [81] (who used particle swarm optimization and ant colony algorithms in developing 589 

a resource allocation model for upgrading fire safety measures in historic buildings), Ghamry et 590 

al. [82] used particle swarm optimization to moderate swarms of firefighting drones, Rein et al. 591 

[83] and Lautenberger et al. [84, 85] applied genetic algorithms to model material properties and 592 

smoldering combustion, and the author has also published a number of works applied evolutionary 593 

MHS for fire resistance evaluation, material property tuning against fire-induced spalling, and 594 

deriving expressions that allow evaluating temperature-deflection history of fire-tested beams and 595 

columns [11, 16, 86–91]. 596 

 597 

Formulation, Examples, and Best Practices for Properly Using MI in FES 598 

The truth of the matter is that the application of MI to attempt to solve a problem is art as much as 599 

it is science – with a similar notion to developing finite element models. The bottom line is that, 600 

for the time being, MI algorithms learn patterns and relations within existing data observed for a 601 

given phenomenon to predict the outcome of future, and similar if not the same, phenomenon. The 602 

process of leveraging MI to examine a FES phenomenon, and by extension any other phenomenon, 603 

can be summarized through the flowchart shown in Fig. 8. In this flowchart, a MI user formulates 604 

a hypothesis or tries to answer a question relating to a certain phenomenon that, in a general sense, 605 

may fall under one of the identified MI classes: regression, classification, clustering etc. Three 606 

examples will be shown herein, one for a regression-based FES problem and two for classification-607 

based FES problems.  608 

 609 

 610 
Fig. 8 Typical flow of MI process 611 

 612 

Understanding the physics of a phenomenon  613 

Glennan [92] argues that scientific explanations come in (at least) two varieties that either explain 614 

genuinely singular events, or explain general regularities. Since the latter is of interest to this work, 615 

then in order to explain a regularity, one must describe a mechanism whose behavior is 616 

Model tuning 

Deploy model

Model optimization   

Model validation/testing

Apply MI algorithms

Data processing/cleansing

Database development/collection

Formulate a hypothesis

Understanding the physics of a phenomenon 
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characterized by that regularity. Simply put, a model or a physical law is but a description of the 617 

behavior of a mechanism. Thus, devising a mechanistically-informed hypothesis revolving around 618 

MI requires an understanding of the physical phenomenon a MI user is attempting to solve.  619 

 620 

Say that a user is formulating three questions: 1) can s/he derive a mathematical expression that 621 

allows us to directly evaluate the deflection of reinforced concrete beams under fire conditions 622 

without needing to carry out a thermal or structural analysis? 2) can s/he develop a model that can 623 

reasonably predict occurrence of fire-induced spalling in concrete specimens? And 3) can s/he 624 

develop a model that is capable of analyzing images representing the magnitude of fire-damage 625 

post a fire breakout?   626 

 627 

The MI analysis starts by understanding the physics of the problem at hand. For example, the mid-628 

span deflection of a RC beam at any given point during exposure to a fire is a result of stresses 629 

generated due to applied loading, P, as well as temperature-induced degradation to the beam’s 630 

sectional capacity (a function of temperature rise, geometric features, material properties, restraints 631 

etc.). Since the magnitude of P remains constant during fire, then the extent of mid-span deflection 632 

in this beam at a specific point in time is a reflection of degradation in material properties (i.e. how 633 

much mechanical properties have degraded till that point in time due to temperature rise, say from 634 

a standard fire) as well as associated losses in cross section size (if any). To better visualize this, 635 

consider two identical and simply-supported beams made of normal strength concrete and exposed 636 

to the same fire conditions, both beams will experience similar temperature rise and degradation 637 

in sectional capacity. However, in case one of the beams is loaded with P1 (where P1>P2 and P2 is 638 

applied to the second beam), then this beam will, 1) experience higher levels of deflection 639 

throughout the fire, and 2) fail at an early point in time (see Fig. 9).  640 
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 641 
Fig. 9 Typical response of RC beams under fire conditions 642 

 643 

While the above observation might seem trivial, since it only varies one feature (i.e. load level), 644 

one should note that we have arrived at this observation through a logical understanding of how 645 

beams deflect under fire6. We could have acquired this knowledge from observing fire tests or by 646 

carrying out finite element (FE) simulations etc. Similarly, we can also apply the same principles 647 

and try to deduce how the above two beams will deflect once we vary two (or more features). As 648 

one can see, the more features we vary, the harder the exercise of knowing when and how these 649 

beams will deform under fire conditions become.  650 

 651 

Formulating a MI-based hypothesis 652 

Knowing the above, a MI-based hypothesis can be formulated wherein in order to obtain deflection 653 

history in a fire-exposed RC beam, all that is needed is to identify key features, in addition to the 654 

governing relation that connects these features to deflection patterns in fire-exposed RC beams. 655 

Since it is well established that fire response of a structural member is primarily a function of this 656 

member’s features: geometric (i.e. width, height, span, etc.), material (strength, modulus etc.), 657 

loading (type, magnitude etc.), boundary conditions (viz. simply supported etc.), fire conditions 658 

(intensity, heating rate, duration etc.) and so on. Then, the interaction of these features determines 659 

 
6 A similar logic can also be used to assess the raised questions 2 and 3. 
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how a RC beam will deform under fire conditions. Simply put, the rationale behind adopting MI 660 

is that since the effect of fire (i.e. deformation history) is of interest, and since this effect can be 661 

observed (say in fire tests/incidents), then a governing relation connecting such effect to its key 662 

features can be obtained through MI. If such a hypothesis proves correct (as in [87]), this would 663 

allow fire researchers and engineers to predict deflection history of RC beams, and by extension 664 

other members, without the need for complex simulation.  665 

 666 

The same logic employed herein can also be used to answer question 2 and 3 raised at the beginning 667 

of this section. For example, hypotheses 2 and 3 can roughly read as “since the phenomenon of 668 

spalling is of interest, and since this phenomenon is often documented (whether as in spalling/no 669 

spalling or by labeling images with minor/major spalling) in fire tests, then a governing relation 670 

connecting such phenomenon to its key features (which also fall under geometry, material.. etc.) 671 

can also be obtained through MI” (as in [11]).  672 

 673 

Database development  674 

In order to verify a hypothesis, the user then goes to collect observations/test data on the 675 

phenomena at hand by conducting a comprehensive testing program, or more conveniently, by 676 

carrying out a detailed literature review. Since the collected observations will serve in training and 677 

testing the MI algorithm, the MI user needs to obtain a “good” database. The reader is to note the 678 

intentional use of the descriptive term “good” to describe a database. In a way, a good database is 679 

one that contains a uniform spread of observations that cover a variety of conditions which from 680 

the point of view of this work implies the availability of information on possible features that 681 

govern the phenomena in the three raised questions7.   682 

 683 

In our first example, the MI user is trying to arrive at an expression that yields deflection history 684 

of RC beams exposed to standard fires. For this user to properly use MI, s/he needs to compile a 685 

database on RC beams tested under standard fires. It is crucial that the user is mindful of how s/he 686 

develops a database. For example, the database needs to contain a series of beams that are tested: 687 

(1) with varying geometric and material features – to increase the predictive capability of the to-688 

be-developed MI model, (2) at different eras (to reflect upon changes in materials and design 689 

detailing), (3) under similar fire conditions (e.g. standard fires) to normalize the effect of thermal 690 

conditions and in a way reduce the dimensionality of the problem8, (4) at different fire furnaces 691 

(to account for minor changes due to fire testing across different facilities and possible variation 692 

in testing conditions), and (5) with complete deflection history curves (i.e. deflection magnitude 693 

at different exposure times) since the proposed expressions will be used to predict such history etc.  694 

 695 

During this collection process, a few conjectures can be adopted. For example, RC beams made of 696 

different batches that belong to a similar concrete type (i.e. normal strength concrete) can be 697 

assumed to behave in a similar manner under fire conditions. This rational assumption would then 698 

imply that degradation in material properties of RC beams need not be accounted for since the 699 

 
7 For the sake of completeness, the possible features may or may not be identical in each of the phenomena at hand. 
8 If information on other fire conditions are available, then “temperature-time curve” can be considered a feature. 
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structural response of a beam (e.g. deflection history) by default reflects upon the temperature-700 

induced degradation in both thermal and mechanical material properties [87]. Another rational 701 

assumption that is commonly used within this community is that spalling of concrete is not 702 

explicitly accounted for – due to its randomness and localization, and as such, the geometric 703 

features of a RC beam can also be assumed to not significantly change throughout the fire 704 

exposure9 (see Table 1). Selecting a few parameters as discussed herein is aimed to simplify the 705 

complexity arising in developing an expression capable of tracing fire behavior of RC beams. It 706 

should however be stressed that a typical MI model has the potential to include ~5-20+ 707 

independent (or dependent) features given that information on such features can be collected. 708 

 709 

Table 1 Layout of a typical regression-based database 710 
 

Sp. 

Features Output 

O
b

se
r
v

a
ti

o
n

s 

Time, 

min 

Geometric Material Other 
Deflection, 

mm  

FG1 (Width, mm) … 
FM1 (Compressive 

strength, MPa) 
… Fn  

Ospecimen1 0 200 … 40 … … 0 

… … … … … … … … 

Ospecimen1 120 200 … 40 … … 200 

Ospecimen2 0 150 … … … … 0 

… … … … … … … … 

Ospecimen2 92 150 … 32 … … 167 

… … … … … … … … 

Ospecimen … … … … … … … 

 711 

The above also holds true for compiling the second database to be used in examining the fire-712 

induced spalling phenomenon in concrete specimens (see Table 2). Naturally, the second database 713 

may prioritize observations obtained from fire tests on small concrete specimens and also 714 

emphasize material- and environmental-based features given that spalling has been shown to be 715 

highly influenced by concrete mixture design, humidity etc. [93–95]. In general, it is preferable 716 

for a database to be deeper than wider i.e. containing a much larger number of observations as 717 

opposed to features (more on this in a subsequent section). The use of observations on test-718 

duplicated specimens is also encouraged given the complexity of fire testing – especially when 719 

materials of high variability (i.e. concrete, wood) are involved. Another good practice would be to 720 

group observations by test program to allow transparency and improve documentation.  721 

 722 

Table 2 Layout of a typical classification-based database 723 
 

Sp. 

Features Output 

O b
s

er v
a

ti
o

n
s Geometric Material Other 

 
9 Of course, information on these assumptions can be updated if the user decides to develop a much more realistic 

MI model. 
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FG1 (Width, 

mm) 
… 

FM1 

(Humidity, %) 

FM2 

(Aggregate 

type) 

… Fn 
Spalling/No 

spalling 

Ospecimen1 305 … 85 Carbonate … … Spalling 

Ospecimen2 455 … 70 Silicate  … … No spalling 

Ospecimen3 … … … … … … … 

… … … … … … … … 

Ospecimen … … … … … … … 

 724 
Fig. 10 Tagging/labeling of imagery for database compilation (Note: numeric estimates and 725 

description of spalling magnitude can be taken as reported from fire tests) 726 

 727 

Unlike the first two databases which primarily contain numeric values, the third database aimed to 728 

tackle the third example will incorporate images/videos of fire-damaged structural members. The 729 

user may tag such imagery with labels reflecting the magnitude of damage each image represents10 730 

(see Fig. 10). In a similar manner, it is desirable for an image-based database to have a collection 731 

of images of varying texture, colors, quality etc. displaying a variety of fire-damaged specimens 732 

with different magnitudes of damage. Overall, balance in features and tags is to be carefully 733 

obtained in order to optimize size and complexity of the MI analysis, while at the same time 734 

captures accurate behavior of RC structural members. Once a database is compiled, this database 735 

is to be labeled as the “master database”. 736 

 737 

Processing observations 738 

At this stage, the goodness of the “master database” is to be assessed. In practical instances, such 739 

a database will be missing a few observations since not all features for all specimens will be 740 

documented in fire tests and reports. In such instance, the database needs to be processed to 741 

minimize effects of missing features, noise and outliners, as well as to reduce the number of 742 

governing features (i.e. reducing dimensionality of the problem) by identifying critical features.  743 

 744 

This process is often referred to as cleansing and comprises of a number of sub-steps that would 745 

generally fall under feature generation and feature extraction methods. Feature generation is the 746 

process of combining two (or more) features to yield a new feature that has a much greater 747 

influence on the given phenomenon. Feature extraction, on the other hand, is a reduction process 748 

in which the total number of features is reduced to a manageable number of features with the 749 

condition that these extracted features can still accurately and fluently describe the original dataset. 750 

Based on feature engineering process, interactions between extracted features and phenomena 751 

 
10 Ongoing MI algorithms are now being developed to quantitively measure the magnitude of fire-damage i.e. 20% 

loss of reinforcement etc.   
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(which in our examples cover deflection history and tendency to spall) may turn much more 752 

important than those with higher correlations.  753 

 754 

While the process of cleansing can be complex and resource intensive, this process can still be 755 

applied using a number of algorithms (i.e. SVM, RFE) or via pre-developed codes and software. 756 

It is worth noting that cleansing a regression-based database may or may not require a similar 757 

process to that in a classification-based database etc. In some instances, a database containing 758 

imagery will benefit from modern processing techniques such as data augmentation. This 759 

technique can prove helpful in scenarios where a limited number of images obtained from fire 760 

tests/simulations is available. Data augmentation attempts to manipulate images by imposing 761 

modifications to enlarge the size of the database. Such manipulations may include rotating images, 762 

use black/white filters etc. [96]. 763 

 764 

Then, observations within the “cleansed database” is to be randomly arranged to eliminate any 765 

biasness arising from a particular testing program or feature. This could be achieved by assigning 766 

random11 numbers to all observations and then re-ordering these observations into a particular 767 

order (e.g. high to low). The randomly arranged database is then split into two/three sets. The first 768 

set (comprises of 60-80%) of the cleansed database and will be used to train the selected MI 769 

algorithm, the second set (comprises of 10-20%) of the cleansed database will be used to validate 770 

the trained MI algorithm, and a final set (comprises of 10-20%) of the cleansed database will be 771 

used to test the trained MI algorithm to ensure the validity of the model12. The size of each set 772 

could be arrived at via a trail-and-error sensitivity analysis procedure.  773 

 774 

Apply MI algorithms 775 

The cleansed and processed database is then analyzed via selected MI algorithms13. A question 776 

usually arises as to which algorithm to use to analyze the phenomenon at hand? In general, and 777 

wherever possible, it is preferable to apply a number of algorithms and then select the model with 778 

the best performance (as obtained from evaluation on training, validation and testing sets).The 779 

author is in favor of using a series of multi-feature processing/multi-algorithms to analyze a 780 

specific problem.  781 

 782 

Coming back to our first example shows that the user desires to derive a mathematical 783 

representation for deformation history of RC beams under fire conditions. Such an expression may 784 

not be realized if the user applied ANN, DT and algorithms of an alike formulation. Of the 785 

presented algorithms, only metaheuristics (i.e. genetic algorithms (GA)) can derive such a 786 

regression-based expression with ease. On the other hand, the user may indeed use algorithms 787 

designed for classification to classify if a particular concrete specimen will spall or not if exposed 788 

to fire. In this instance, an ANN, DT or RF algorithm can be of aid. If however, the user also 789 

decides to derive an expression, as opposed to devising a classification tool, the user may option 790 

 
11 Excel contains a command “RAND” that can be used to generate random numbers assigned to all observations.  
12 One should also note that validation and testing sets can also be combined into one set. 
13 One should keep in mind that the formulated hypothesis can, and in many instances dedicate, the type of the 

algorithm to be used. 
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to combine LR with GA as shown in previous works [88]. Finally, deep learning is best suited in 791 

analyzing images and videos. 792 

 793 

Model validation/testing 794 

Once an algorithm is selected and applied, the MI analysis yields predictions. In this view, a 795 

question arises, what constitutes a good MI model that a user can confidently use? Keeping in 796 

mind that a proper answer to this question depends on a variety of factors, this work presumes that 797 

a good MI model is one that optimally performs and best describes the phenomenon on hand. Thus, 798 

MI predictions are to be compared against the three sub-sets of the compiled database. Similarly, 799 

a MI user may also seek to employ a variety of validation processes. For example, k-fold cross-800 

validation, leave-one-out cross-validation etc. [97].  801 

 802 

In this validation process, special performance metrics are to be applied. There exist a diverse sets 803 

of performance metrics i.e. correlation coefficient (R), root mean squared error (RMSE), etc. In 804 

practice, one, a multiple or a combination of metrics are used to examine the adequacy of a 805 

particular MI model. These metrics can be quite similar to those often used in statistical analysis, 806 

which the majority of engineers are familiar with and primarily fall under those related to 807 

regression problems. The simplest form of common metrics results from subtracting a predicted 808 

value from its corresponding actual/observed value. In our example of deriving an expression that 809 

can be used to predict mid-span deflection history of a RC beam under fire, a deflection history, 810 

∆, as predicted from the GA-derived expression is to be compared towards that measured in a fire 811 

test – see Fig. 11.  812 

 813 
∆= 36.2 𝑒𝑥𝑝(0.023𝑡) cos(sin(23040 𝑃)) cos (sin(2.28 × 10−8 𝑃)) − 0.206𝐶𝑏 − 9.28sin (𝑓𝑦) −814 

12.59exp (0.0236𝑡) + 4.5 + 0.105𝑡 + 2.299 × 10−6𝑡𝑓𝑐𝜌 𝑃                          (28) 815 

where: fire exposure time (t), compressive strength of concrete (fc), yield strength of steel 816 

(fy), steel reinforcement ratio (ρ), load level ratio (P), and bottom cover to steel 817 

reinforcement (Cb). Full details on the development of this expression can be found 818 

elsewhere [87].  819 

 820 
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 821 
Fig. 11 A sample of validation with R2 = 95.6, R = 97.8, MAE = 4.8 mm (Beam specimen taken 822 

from Choi and Chen – H5 [98]) 823 

 824 

However, not all metrics are built equal. For example, using correlation coefficient may not be 825 

expressive in validating a categorial classification problem (i.e. classifying if a RC column would 826 

spall or not). In classification problems such as that associated with examples 2 and 3, the simplest 827 

form of evaluating a MI model is to compare if the model accurately predicts the phenomenon at 828 

hand (i.e. hit or miss). On the other hand, a more appealing metric would be the confusion matrix 829 

(see Table 3 for a sample matrix obtained for the developed MI model that can be used to predict 830 

spalling of concrete specimens).  831 

 832 

 833 

 834 

Table 3 Confusion matrix for spalling phenomenon  835 

True Classes 
Predicted Classes Classification 

overall 

Percision 

(%) No spalling Spalling 

No spalling 50 5 55 90.9 

Spalling 10 40 50 80 

Truth overall 60 45 105 
 

Recall (%) 83.3 88.9  

 836 

This matrix contains statistics about actual and predicted observations and lays the fundamental 837 

foundations necessary to understand accuracy measurements for a specific classifier. Each column 838 

in this matrix signifies predicted instances, while each row represents actual instances. This matrix 839 

was identified to be the “go-to” metric used in studies examining materials science and engineering 840 

problems [7, 99].  841 
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Other common classification-based metrics that can be also be used in deep learning is receiver 843 

operating characteristic (ROC) and area under the ROC curve (AUC), Accuracy (ACC), and F1 844 

score as shown in a previous work by the author [16]. Table 4 lists common performance metrics 845 

to be used in regression and classification problems. The use of such metrics is needed to identify 846 

how a ML model performs in predicting a phenomenon and thus, a researcher/user is encouraged 847 

to apply a variety of metrics to verify a MI model’s performance at the local and global levels. 848 

This can be achieved by applying metrics of different formulations (i.e. error-based, objective-849 

based, correlation-based etc.). One should note that a more detailed discussion on performance 850 

metrics can be found in the following references  [100–104]. Up to the time of writing this review, 851 

we are yet to identify a set of standard performance metrics.  852 

 853 

Table 4 List of the commonly used performance metrics (In this table, n: number of data points, P 854 

(denotes number of real positives), N (denotes number of real negatives), TP (denotes true 855 

positives), TN (denotes true negatives), FP (denotes false positives), and FN (denotes false 856 

negatives)) 857 
Regression metrics 

No. Metric Formula Remarks 

1 Error (E) 𝐸 = 𝐴𝑐𝑡𝑢𝑎𝑙 (𝐴) − 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 (𝑃) 
• Intuitive 

 

2 
Mean error 

(ME) 𝑀𝐸 =  
∑ 𝐸𝑖

𝑛
𝑖=1

𝑛
 

• May not be useful in cases where positive and negative 

predictions cancel each other out. 

3 

Mean 

Absolute 

Percentage 

Error 

(MAPE)* 

𝑀𝐴𝑃𝐸 =
100

𝑛
 ∑|𝐸𝑖|/|𝐴𝑖|

𝑛

𝑖=1

 

• Cannot be used if there are actual zero values. 

• There is no upper limit to percentage error in 

predictions that are too high. 

• Non-symmetrical (adversely affected if a predicted 

value is larger or smaller than the corresponding actual 

value) [105]. 

4 

Mean 

Squared 

Error (MSE) 
𝑀𝑆𝐸 =  

∑ 𝐸𝑖
2𝑛

𝑖=1

𝑛
 

• Scale dependent [106]. 

• Values closer to zero present adequate state 

• Heavily weights outliers. 

• Highly dependent on fraction of data used (low 

reliability) [107]. 

5 

Root Mean 

Squared 

Error 

(RMSE) 

𝑅𝑀𝑆𝐸 =  √
∑ 𝐸𝑖

2𝑛
𝑖=1

𝑛
 

• Scale dependent. 

• A lower value for RMSE is favorable. 

• Sensitive to outliers. 

• Highly dependent on fraction of data used (low 

reliability) [107]. 

6 

Coefficient 

of 

Determinatio

n (R2) 

𝑅2 = 1 − ∑(𝑃𝑖 − 𝐴𝑖)
2

𝑛

𝑖=1

/ ∑(𝐴𝑖 − 𝐴𝑚𝑒𝑎𝑛)2

𝑛

𝑖=1

 
• R2 values close to 1.0 indicate strong correlation. 

 

7 

Correlation 

coefficient 

(R) 

𝑅 =

∑ (𝐴𝑖 − 𝐴𝑖)(𝑃𝑖 − 𝑃𝑖)
𝑛

𝑖=1

∑ (𝐴𝑖 − 𝐴𝑖)
2

𝑛

𝑖=1
∑ (𝑃𝑖 − 𝑃𝑖)

2
𝑛

𝑖=1

 

• R>0.8 implies strong correlation [108]. 

• Does not change by equal scaling. 

 

8 
Golbraikh 

and 

At least one slope of regression lines (k or k′) 

between the regressions of actual (Ai ) against 
• k and k′ need to be close to 1 or at least within the range 

of 0.85 and 1.15. 
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Tropsha’s 

[109] 

criterion 

predicted output (Pi ) or Pi  against Ai through 

the origin, i.e. Ai  = k×Pi and t i = k′ Ai , 

respectively. 

𝑘 =
∑ (𝐴𝑖×𝑃𝑖)𝑛

𝑖=1

𝐴𝑖
2 , 𝑘′ =

∑ (𝐴𝑖×𝑃𝑖)𝑛
𝑖=1

𝐴𝑖
2 , 𝑚 =

𝑅2−𝑅𝑜
2

𝑅2  

𝑛 =
𝑅2 −   𝑅𝑜′

2

𝑅2
 

• m and n are performance indexes and their absolute 

value should be lower than 0.1. 

9 

QSAR model 

by Roy and 

Roy [110] 

𝑅m = 𝑅2 × (1 − √|𝑅2 − 𝑅𝑜
2|) 

where,  

𝑅𝑜
2 =

∑ (𝑃𝑖 − 𝐴𝑖
𝑜)2𝑛

𝑖=1

∑ (𝑃𝑖 − 𝑃𝑚𝑒𝑎𝑛)2𝑛

𝑖=1

, 𝐴𝑖
𝑜 = 𝑘 × 𝑃𝑖 

𝑅𝑜
2 =

∑ (𝐴𝑖 − 𝑃𝑖
𝑜)2𝑛

𝑖=1

∑ (𝐴𝑖 − 𝐴𝑚𝑒𝑎𝑛)2𝑛

𝑖=1

, 𝑃𝑖
𝑜 = 𝑘 × 𝐴𝑖 

• Rm is an external predictability indicator. Rm > 0.5 

implies a good fit. 

10 

Frank and 

Todeschini 

[111] 

 

Recommend maintaining a ratio of 3-5 between 

the number of observations and features. 

 

- 

11 

Objective 

function by 

Gandomi et 

al. [10] 

Function

= (
No.𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔− No.Validation

No.Training+ No.Validation

)
RMSE𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔 + MAELearning

𝑅Learning + 1

+
2No.Validation

No.𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔+ No.Validation

RMSEValidation + MAEValidation

𝑅𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔 + 1
 

 

where, No.Training and No.Validation are the number 

of training and validation data, respectively. 

• This function needs to be minimized to yield highest 

fitness. 

 

12 

Reference 

index (RI) by 

Cheng et al. 

[112] 

𝑅𝐼 =
𝑅𝑀𝑆𝐸 + 𝑀𝐴𝐸 + 𝑀𝐴𝑃𝐸

3
 

• Each fitness metric is normalized to achieve the best 

performance. 

Classification metrics 

No. Metric Formula Remarks 

1 

True Positive 

Rate (TPR) 

or Sensitivity 

or Recall 

 

𝑇𝑃𝑅 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
= 1 − 𝐹𝑁𝑅 

• Measures the proportion of actual positives that are 

correctly identified as positives. 

• Describes the proportion of actual positives that are 

correctly identified. 

• Does not account for indeterminate results. 

2 

True 

Negative 

Rate TNR or 

Specificity or 

selectivity 

𝑇𝑁𝑅 =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
= 1 − 𝐹𝑃𝑅 

• Measures the proportion of actual negatives that are 

correctly identified negatives. 

3 

Positive 

Predictive 

Value (PPV) 

or Precision 

𝑃𝑃𝑉 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

• The proportions of positive observations that are true 

positives. 

• Has an ideal value of 1 and the worst value of zero. 
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4 

Negative 

Predictive 

Value (NPV) 
𝑁𝑃𝑉 =

𝑇𝑁

𝑇𝑁 + 𝐹𝑁
 

• The proportions of negative observations that are true 

positives. 

• Has an ideal value of 1 and the worst value of zero. 

5 

False 

Positive Rate 

(FPR) 
𝐹𝑃𝑅 =

𝐹𝑃

𝑁
=

𝐹𝑃

𝐹𝑃 + 𝑇𝑁
 

• Measures the proportion of positive cases in that are 

correctly identified as positives. 

• Describes proportion of negative cases incorrectly 

identified as positive cases. 

6 

False 

Discovery 

Rate (FDR) 
𝐹𝐷𝑅 =

𝐹𝑃

𝐹𝑃 + 𝑇𝑃
 

• Describes proportion of the individuals with a positive 

test result for which the true condition is negative. 

7 
Accuracy 

(ACC) 
𝐴𝐶𝐶 =

𝑇𝑃 + 𝑇𝑁

𝑃 + 𝑁
=

𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

• Evaluates the ratio of number of correct predictions to 

the total number of samples. 

• Presents performance at a single class threshold only. 

• Assumes equal cost for errors [113]. 

8 F1 score 𝐹1 =
2𝑃𝑃𝑉 × 𝑇𝑃𝑅

𝑃𝑃𝑉 + 𝑇𝑃𝑅
=

2𝑇𝑃

2𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁
 

• Describes the harmonic mean of precision and 

sensitivity. 

• Focuses on one class only. 

• Biased to the majority class [114]. 

9 

Matthews 

Correlation 

Coefficient 

(MCC) 

𝑀𝐶𝐶

=
𝑇𝑃 × 𝑇𝑁 − 𝐹𝑃 × 𝐹𝑁

√(𝑇𝑃 + 𝐹𝑃)(𝑇𝑃 + 𝐹𝑁)(𝑇𝑁 + 𝐹𝑃)(𝑇𝑁 + 𝑃𝑁)
 

• Measures the quality of binary and multi-class 

classifications. 

• Can be used in classes with different sizes. 

• When MCC equals +1 → perfect prediction, → 0 

equivalent to a random prediction and → −1 false 

prediction. 

• Considered as a balanced measures as it involves values 

of all the four quardants of a confusion matrix [115]. 

10 

Receiver 

Operating 

Characteristi

c (ROC) 

The ROC curve is plotted such that TPR is on 

vertical axis and FPR is on the horizontal axis 

(the line TPR = FPR represents a random guess 

of a specific class) [116]. 

 

• Characterizes tradeoff between hit rate and false alarm 

rate.  

• Designates the relationship between sensitivity and 

specificity [117]. 

• Takes a value between zero and 1 to relate the 

probability distribution  to a single state [118]. 

• A threshold of zero ensures highest sensitivity and 1 

ensures best specificity. 

• Primarily used in datasets with roughly equal numbers 

of observations for each class [119]. 

11 

Area under 

the ROC 

curve (AUC) 

𝐴𝑈𝐶= ∑
1

2
(𝐹𝑃𝑖+1 − 𝐹𝑃𝑖)

𝑁−1

𝑖=1

(𝑇𝑃𝑖+1 − 𝑇𝑃𝑖) 

Or 𝐴𝑈𝐶=
1

2
𝑤 (ℎ + ℎ′), 

where, w = width, and h and h’ = heights of the 

sides of a trapezoid histogram 

• Measures the two-dimensional area underneath the 

entire ROC curve. 

• Not dependent on a single class threshold. 

• Associated with increased training times. 

12 

Cohen’s 

kappa (CK) 

[120] 

𝜅 = (𝑝𝑜 − 𝑝𝑒)/(1 − 𝑝𝑒) 

where, po: empirical probability of agreement on 

the label assigned to any sample, pe: expected 

agreement when both annotators assign labels 

randomly and this is estimated using a per-

annotator empirical prior over the class labels. 

• Measures inter-annotator agreement. 

• Expresses the level of agreement between two 

annotators [121]. 

• Ranges between -1 and 1. The maximum value means 

complete agreement. 

 858 
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A suggestion would be to utilize a combination of metrics to overcome some of the limitations 859 

associated with specific metrics (i.e. biasness, oversimplifications etc.). Another suggestion is that 860 

the user needs to familiarize her/himself with an arsenal of metrics for use in different types of MI 861 

problems (i.e. regression, classification, clustering etc.). A more in depth analysis on performance 862 

metrics in MI analysis can be found elsewhere [104, 122, 123].  863 

 864 

Model optimization  865 

Once the MI model is properly validated, this model can be further optimized through applying a 866 

few tweaks. Such tweaks may cover adjusting size and/or content of training/validation/testing 867 

sub-sets, topology of algorithm (e.g. number of layers/neurons in an ANN etc.), hyper-parameters 868 

(for metaheuristics) etc. A few techniques that can be used to optimize a model include: stochastic 869 

gradient descent (to find parameters which minimizes the given cost function), AdaGrad 870 

optimization (which stores the sum of squares of all its historical gradients for each parameter to 871 

scale the learning rate) etc. The goal of this optimization process is to improve prediction capability 872 

as well as reduce computation cost (for very large models).  873 

 874 

Deploy model 875 

In this stage, the MI model is ready to be delayed and used. Going back to our three examples, the 876 

MI user will be able to deploy her/his model to arrive at deflection history of a RC beam under 877 

fire, predict if a concrete specimen would spall or not, as well as evaluate the magnitude of damage 878 

in a fire-damaged element. 879 

 880 

Model tuning  881 

With time, the deployed models can undergo a series of fine-tunings as new observations become 882 

available etc. Unlike model optimization, model tuning relies on addition of new observations as 883 

well as feedback from user(s).  884 

 885 

MI tools and software 886 

In general, a MI algorithm, analysis and visualization can be developed in a coding environment 887 

and/or a commercial software. A number of coding languages exists such as R, C++, Python etc., 888 

the majority of which provide already coded MI algorithms for users to use. Similarly, a few 889 

software and platforms can also be used to such as Matlab, TensorFlow, WEKA etc. many of 890 

which provides built-in tools for ANN, LR, DT and such. An advantage to commercially available 891 

software is that they provide beginners with examples, tutorials, and templates. One should still 892 

note that the bulk of these tools and software have generic models that are not specifically designed 893 

for FES problems.  894 

 895 

FES Perspective on MI and its Future Directions  896 

This section presents a glimpse into some of the challenges and future research needs linked to the 897 

successful adoption of MI in FES.  898 

 899 
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User experience  900 

Similar to carrying out a hand calculation-based fire analysis or fire simulation, it is inherently 901 

important that a user has some experience in FES testing/education/simulation/practice before 902 

adopting MI as a tool to examine a FES problem. Without having a solid background in FES, 903 

understanding the physics of a fire problem, together with formulating a proper hypothesis, can 904 

become complex and may cast doubts on the soundness of the MI analysis. A user may start with 905 

a review of literature to form an understanding of the fire phenomenon s/he is trying to explore. A 906 

good practice is to: 1) analyze published fire tests and databases to examine which features are 907 

reported and recognized to be of high importance, and 2) reach out with experienced/senior FES 908 

personnel. On a similar front, it would be beneficial for a fire engineer/scientist to be seek 909 

complementary guidance from a data scientist until knowledge on MI is acquired via education 910 

and/or lifelong learning.  911 

 912 

Big, small and imbalanced data 913 

Owing to the complex nature of fire experimentation and availability of testing equipment, few 914 

problems may arise in the context of implementing MI. One key issue is the limited number of 915 

reliable observations14 that can be measured during a test; which by extension reflects upon the 916 

small number of measurements carried out under fire conditions as opposed to other loading 917 

conditions. An equally challenging issue revolves around the notion that not all fire tests are 918 

conducted in a standard manner nor generate the same amount/type of observations – thus, when 919 

collected, lead to compiling imbalanced databases. For example, humidity and moisture content 920 

are rarely documented in fire tests on concrete and wood specimens. Similarly, some phenomena 921 

are primarily reported in a qualitative manner (i.e. minor spalling vs. major spalling) and such 922 

description may arise complexities when need to be translated into a unified and workable MI 923 

analysis.  924 

 925 

The limited number of observations indicates that the concept of “big data/data mining” often 926 

associated with MI is challenged. Lucky, a few workarounds to the above can be adopted. For a 927 

start, a MI a user may accept the above as limitations and chose to develop a MI model with a set 928 

of rational assumptions. In this workaround, a user may option to develop a MI spalling model that 929 

does not explicitly incorporate “humidity” or “moisture content” as features. The user may also 930 

option to develop the same model to yield a qualitative assessment of spalling – since in a way 931 

knowing that a concrete mixture is likely to spall or not is a very important piece of information 932 

to fire practitioners. All in, our colleagues in mathematics and computer sciences are developing 933 

improved algorithms that are designed to tackle “small data”. These advancements are expected 934 

to be successful in FES [124]. 935 

 936 

 
14 One should also note that the bulk of the reviewed works covered the use of MI on wildfires as such events have 

been fully documented and naturally contains large datasets. 
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Developing databases and open source FES-based algorithms 937 

Since the outcome of MI analysis remains highly dependent on the number and quality of 938 

observations15, a collaboration between FES research groups and industry partners can be a good 939 

point to start compiling and publishing open access databases. Such databases can cover a variety 940 

of sub-areas such as: material property and flammability, elemental thermal and structural 941 

behavior, combustion behavior, fire dynamics, wildfire formation etc. – some of which have been 942 

already collected by the author’s research group [125–127]. Compiling such databases helps in 943 

maintaining a record of our experimentations in an organized fashion, validating ongoing efforts 944 

to integrate MI and most importantly, developing future MI models.  945 

 946 

In parallel, it would also help to develop new, or fine-tune existing, algorithms specifically towards 947 

FES problems. Once these algorithms are properly validated, then these can be standardized and 948 

deployed by this community. A motion could be set-forth to prioritize freely published databases 949 

and open-source algorithms as to break free of the “black box” approach. In developing such 950 

algorithms, the user is to keep in mind that emphasis should not be put in chasing perfect fitting as 951 

this may lead to some issues, i.e. overfitting, limited range of applicability etc., but rather emphasis 952 

should prioritize developing models that capture the essence of the phenomenon at hand. 953 

 954 

Explainability and Interpretability  955 

A common notion to consider is that most of the reviewed works herein seem to apply MI 956 

techniques in a “black-box”. In this approach, a MI algorithm is but a tool that generates a surrogate 957 

model with highly complex and often unclear configuration to link inputs-to-output(s). Such 958 

surrogate models may not be easily simplified to understand its inner workings, nor how/why such 959 

a model yields a certain prediction [128, 129]. Understanding the logic behind predictions obtained 960 

from MI can be of significant help to researchers and scientists (especially in deriving new 961 

theories) as this provides a layer of confidence against bias and unexplainability. Future works are 962 

encouraged to develop white-box MI models with high explainability and interpretability.  963 

 964 

Standardization and acceptance of MI 965 

In 1987, an editorial titled, “Expert Systems” written by John M. Watts, Jr. [130], was published 966 

at Fire Technology. In this editorial, the following text appears: 967 

 968 

“By organizing knowledge of established experts into a sophisticated "knowledge base" 969 

of patterns and rules, expert systems allow computers to act as intelligent assistants, 970 

advising the user with the insight and acumen of experts. Expert systems are most useful 971 

when dealing with problems that are too complex to permit precise definition and 972 

assessment… 973 

 974 

 
15 The use of FE simulations to generate observations is an option. However, since we continue to lack a standardized 

simulation procedure, and knowing the amount of assumptions used in developing FE model, a MI user should be 

cautious of this practice.  
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The desirability of expert systems in fire safety was a subject of discussion at the 1985 975 

Fire Research Strategy Conference. Two outstanding potential features were pointed 976 

out: 1. they provide an excellent means of transferring research results to the end user, 977 

and 2. they provide a superior means of moving toward a more rational knowledge based 978 

code.” 979 

 980 

The above text, when compared to findings of this review, shows that while this community has 981 

been aware of MI for over 35 years, very few attempts have been carried out in this area. We 982 

cannot speculate as to how and why our progress remains slow in incorporating MI, but history 983 

has shown that adopting a new methodology requires reaching an understanding between academia 984 

and industry. This support is often translated by standardization (i.e. standards/codes). An effort is 985 

being put together by the author and ASCE Fire Protection Committee to start a sub-committee 986 

and invite interested efforts to develop a framework to allow the use and adoption of MI. 987 

Hopefully, the coming few years will prove fruitful. Such a framework could expedite ongoing 988 

and future efforts within FES – especially those related to performance-based design. It is 989 

envisioned that the successful realization of MI will yield developing our own set of algorithms 990 

that act as virtual fire engineers/scientists with experiences spanning decades of FES 991 

research/practice. This will be a focal drive in modernizing the future of FES. 992 

 993 

Summary and Conclusions 994 

This paper presents an overview on the positive potential of adopting MI as a modern technique 995 

to supplement experimental and simulation methods used within the field of FES; thereby 996 

advancing our research and practice. This review starts by covering a number of machine learning 997 

(ML) and artificial intelligence (AI) techniques such as deep learning, decision trees, random 998 

forest, support vector machines, metaheuristics etc. To enable interested users from adopting MI, 999 

this review outlines recommended MI analysis procedures to carry out a proper MI-tailored fire 1000 

analysis. Finally, this review highlights a few challenges and research needs that, when overcome, 1001 

can accelerate future research works. 1002 

 1003 

The following conclusions could also be drawn from the results of this review: 1004 

• Leveraging machine intelligence (MI) in fire engineering and sciences (FES) has a 1005 

tremendous potential to solve some of the multi-dimensional and ill-defined problems 1006 

associated with FES. 1007 

• A variety of MI algorithms exist, and these can be used to cover a variety of problems that 1008 

fall under regression, classification, clustering etc. Since these algorithms have been 1009 

already developed and validated in a number of engineering and data-based problems by 1010 

MI developers, such algorithms present a good starting point for interested FES users. 1011 

• Future works, whether experimental or numerical, are encouraged to develop approaches 1012 

and techniques to facilitate the use of MI. Such approaches may include; thorough 1013 

documentation, database assembling, as well as developing FES-dedicated algorithms etc.  1014 

• Pursuing collaborative works and harmonization between academia and industry can 1015 

overcome some of the challenges and limitations associated with MI adoption such as 1016 

updating curriculum, encouraging the use of automation in fire codes/standards etc. 1017 
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• Given the rapid rise in computational advancement, it is expected that MI will be vital in 1018 

modernizing FES research, practice and education within the next 5-15 years. 1019 
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